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Abstract: This paper identifies different groups in a cost function framework of thermo 
energy plants belonging to EDP-Electricity of Portugal. In particular, we have clustered 
the sample - comprising data for years 1987 to 2006 - into two groups. To do so, we 
have implemented a stochastic frontier latent class model, a procedure that also permits 
us to analyze also the efficiency of the thermo energy plants with respect to their own 
frontiers. The results reveal that some of the plants could improve their efficiency levels 
substantially. 
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Efficiency in energy plants is a subject that has attracted a lot research in the 
past. A review of the literature shows two main approaches, namely, Data Envelopment 
Analysis (DEA)
1, which is a non-parametric technique (Barros; 2008; Nakano and 
Managi (2008) and Mukherjee (2008), Arocena and Wadams Price, 2002; Raczka, 
2001. Jamasb and Pollitt , 2001, and Waddams Price et al., 1996,  and econometric 
models that are either stochastic frontier or deterministic
2 (Estache, Rossi and Ruzzier 
(2004), Knittel, 2002 and Hiebert, 2002, Kleit and Terrell , 2001; Filippini, 1996). All 
these papers assume that the technology is the same for all units. Hence, if a unit uses a 
different technology, or display heterogeneity relative to unobserved variables, the 
efficiency level calculation is biased, since the efficiency level is sensitive to the 
estimated technology and to heterogeneity. Unobserved heterogeneity has been subject 
of concern and analysis in many recent works as Chesher (1984), Chesher and Santos 
Silva (2002) and Gonul and Srinivasan (1993) and neglecting it is likely to lead to 
inconsistent parameter estimates or more important, inconsistent fitted parameters. 
The motivation for the present research is based on the hypothesis that some 
heterogeneity could arise in the production process of translating inputs into output (i.e. 
production) among energy plants, due to different unobserved endowments in the units. 
By unobserved endowments, we mean unobserved variables such as the unit’s historical 
production achievements, quality, etc. It is important to be aware that only unobserved 
endowments can give rise to different parametric differences. This hypothesis is tested 
using a latent class model (Orea and Kumbhakar, 2004; Greene, 2005). These models 
                                                 
1 See Charnes et al. (1995) for details. 
2 See Kumbhakar and Lovell (2000) or Greene (2007) for good overviews. 
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assume that there is a finite number of structures (classes) underlying the data and each 
unit can be assigned to a particular group, using the estimated probabilities of class 
membership. Thus, they are able to estimate different technologies within a sample. 
Moreover, the number of groups can be tested using statistical criteria.  
From an econometric perspective, there are two types of heterogeneity that which is 
related to observed variables of energy plants, called observed heterogeneity, and that 
which cannot be related to the observed variables, called unobserved heterogeneity. 
Observed heterogeneity is captured by entering the relevant variable in the cost frontier 
while unobserved heterogeneity is captured by entering random parameters in the cost 
frontier, Barros and Peypoch (2007) or adopting the Orea and Kumbhakar (2004) 
model. Thus, the aim of this research is twofold. First, we cluster thermo energy plants 
belonging to EDP by segments
3; second, we study the efficiency of these plants in a 
cost function framework. In this regard, it is important to examine the bias produced 
when the assumption that all plants use the same technology is incorrect. To this end, 
we use the stochastic frontier latent class model in line with Greene (2005) and we 
compare this with the standard stochastic frontier model. The scope of the present 
research involves combining both production and financial variables in order to evaluate 
efficiency in the thermo plants industry. While production achievement is easily 
observable on the field, financial outcomes (as reported in the financial information of 
the units) have no such transparency. 
The rest of the paper is organized as follows. In Section 1, we review the related 
literature, followed in Section 2 by a description of the contextual setting. Sections 3 
                                                 
3 An alternative procedure to separate the teams into several groups is cluster analysis. Cluster analysis 
aims both to maximize the variance between groups and minimize the variance within groups according 
to some variables. In contrast, the latent class model not only can use the differences in some variables 
but it also uses the goodness of fit to the estimated technologies. Hence, the latent class model benefits 
from richer information than traditional clustering methods. 
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and 4 describe the cost function and the model respectively. Section 5 presents the data 
and the results. Finally, Section 6 provides our conclusions and some policy 
implications. 
 
1. LITERATURE REVIEW 
Efficiency analysis in relation to electricity is concentrated on distribution networks 
(Jamasb, Nillesen and Pollitt, 2004; Farsi and Filippini, 2004; Estache, Rossi and 
Ruzzier, 2004; Jamasb and Pollitt, 2003). Papers analysing the efficiency of electricity 
generating plants include Kleit and Terrell, 2001; Hiebert, 2002; Arocena and Wadams 
Price, 2002; Knittel, 2002; Raczka, 2001. Jamasb and Pollitt (2001) review the 
frequency with which different input and output variables are used to model electricity 
distribution. The most frequently used outputs are units of energy delivered, number of 
customers and size of the service area. The most widely used inputs are number of 
employees, transformer capacity and network length. For an extended up to date survey, 
see Jamasb, Mota, Newbery and Pollitt (2005).  
Restricting the literature review to a sample of recent energy production papers, it is 
observed that they adopt one of two complementary efficiency methodologies: DEA, 
and the Stochastic Frontier Model. Table 1 displays our review of these works. 
Table 1: Recent Papers on Energy Production 
Stochastic Frontier Models 
Papers Method  Units  Endogenous 
variable 
Exogenous variables 








(i) annual output (mwh); (ii) peak output 
(mwh); (iii) wage(dólars); (iv) price of fuel; (v) 
price of capital; (vi) log of relative wage; and 
(vii) log of relative fuel price.   5













(i) Capital; (ii) labour; (iii) coal; (iv) oil; (v) 
vintage; and (vi) vintage squared. 






Total operating and 
maintenance costs are 
regressed in several 
explanatory variables 
(i) net electricity generation (in megawatt 
hours); (ii) price of fuel (in dollars per-million 
British thermal units); (iii) time trend; (iv) the 
vintage of the plant in years (calculated as the 
sum of the vintages of the units); (v) the age of 
the plant (in months); and (vi) the number of 
units comprising the plant. For coal, a dummy 
variable is included.  
 
Farsi and Filippini (2004)  Cobb-Douglas cost 
frontier 
Switzerland , 59 
utilities observed 
from 1988 to 
1996 
Total annual costs per- 
kwh  (i) annual output in gwh; (ii) number of 
customers; (iii) load factor; (iv) service area; (v) 
average annual labour price per employee; (vi) 
average capital price per kva installed; (vii) 
average price of input power, (viii) high voltage 
network dummy; (ix) auxiliary revenues more 
than 25%; and (x) share of forest area more than 
40%. 
  
Data Envelopment Analysis papers 
Papers Method  Units  Inputs  Outputs 
Pollitt (1996)  Two-stage model 
DEA model. First 
stage a CCR DEA 
model. Second stage 
a battery of statistical 
tests (ANOVA, Tobit 
regression, etc.) 
78 Nuclear 
power stations in 




(i) labour; (ii) capital;, 
(iii) fuel; (iv) price of 
labour; (v) price of 
capital; (vi) price of fuel, 
separated into historic and 
current; and (vii) other 
input descriptors (age and 
reactor type). 
 
Energy produced in KWh 
Arocena and Waddams 
Price (2002) 
Two DEA Models: 
(i)Graphyperbolic 





1984 to 1997 
(i) Capital proxied by 
average capacity (mw); 
(ii) labour average 
number of workers); (iii) 
fuel (million of therms). 
(i) annual power produced (mwh) 
Raczka (2001)  DEA  two-stage 
procedure: in the first 
stage, DEA allocative 
model is used; in the 
second stage, a Tobit 
model regresses the 
efficiency scores in 
explanatory 
variables. 





(i) labour; (ii) fuel; and 
(iii) pollution 
(i) heating production 
Jamasb, Nillesen and Pollitt 
(2004) 
DEA CCR models, 
input oriented. One 
base model and two 
strategic behaviour 
models: a gaming 
operating costs  
model and  a model 
with restricted 
outputs 
28 USA utilities 
observed in 2000
(i) distribution operating 
costs. 
(i) units of electricity delivered; (ii) number of 
customers; (iii) length of network.    6








1994 to 2001 
(i) distribution lines: (ii) 




and GNP per-capita PPP 
units. 
(i) sales in gwh; (ii) number of customers; (iii) 
service area in km2. 
 
It is recognised in the literature that both methods give similar rankings. However, 
research has shown that although the DEA scores are inferior in value to econometric 
scores, the ranking is preserved (Bauer et al., 1998). 
Regarding the inputs and outputs, the literature review does not reveal a universally 
agreed set of input and output variables for modelling of electricity units (Jamasb, 
Nillesen and Pollitt, 2004).  
The policy implications of the surveyed papers focus on the differences in efficiency 
scores and the drivers of efficiency; the role of alternative regulatory frameworks in 
efficiency and the comparative analysis of efficiency of public and private companies.  
Deregulating electricity generation increases efficiency (Kleit and Terrell, 2000). 
Alternative regulatory programs provide firms with an incentive to increase efficiency 
(Knittel, 2002). Price controls and subsidies decrease technical efficiency (Raczka, 
2001). Moreover, regulation and competition accompanied by privatisation promotes 
efficiency (Arocena and Waddams Price, 2002). For competition to work, regulators 
must coordinate their policy throughout a region (for example, South America) 
(Estache, Rossi and Ruzzier, 2004).  
Privately-owned plants exhibit higher average efficiency than publicly-owned plants 
(Pollitt, 1996). Public firms are more efficient under cost-of-service regulation, 
compared with price-cap regulation (Arocena and Waddams Price, 2002). Another 
paper relying on an innovative cost function is Jara Diaz et al. (2004). Recent 
applications of DEA models in energy studies are Pombo and Taborda (2006) and   7
Vaninski (2006), Nakano and Managi (2008) and Mukherjee (2002). Therefore, the 
present paper innovates in energy efficiency adopting the Orea and Kumbhakar (2004) 
latent class model. 
 
2. CONTEXTUAL SETTING 
EDP accounts for 82% of the installed capacity of energy production and 30% of the 
distribution capacity in Portugal, with 5.3 million clients. Therefore, it is a highly 
representative energy enterprise in the national market. EDP was created in 1975, when 
the country embarked on a process of nationalisation following the revolution of 25th 
April 1974. The enterprise was the product of the merger of several small private 
enterprises which were in the market before the nationalisations. The EDP 
Hydroelectric generating plants have been analysed by Barros (2008) and Barros and 
Peypoch (2007). In this paper we focus on thermo electric plants. Table 1 present the 
thermo energy plants analysed. 
Table 1: Characteristics of EDP thermo electric energy plants in 2004 









book value of 
Physical assets (euro) 
 
1 Tapada  do 
Outeiro 613  47  4  51350228 
2 Carregado 327  710  57  777589173 
3 Barreiro  200  56  8  61313706 
4 Setúbal  1688  946  151  1036201624 
5 Sines  9530  1192  333  1305106018 
6 A.  Mira  688  132  6  144525163 
7 Tunes  13498  197  7  215692857 
 
 
3. METHODOLOGY   8
In production economics, the production process is usually analysed by using a dual 
approach (i.e., cost functions or profit functions). The assumption underlying cost 
functions is that the units have minimising cost behaviour.  
Thus, a cost function is specified as: 
( ) t y w C C , ,
* =   (1)
 
Where  C is cost, w is input prices, y is output and t represents the state of the 
technology. 
The specification of the cost function follows microeconomic theory (Varian, 
1987). We have chosen a flexible functional form in order to avoid imposing 
unnecessary a priori restrictions on the technologies to be estimated. Each explanatory 
variable is divided by its geometric mean. In this way, the translog can be considered as 
an approximation to an unknown function and the first order coefficients can be 
interpreted as the production elasticities evaluated at the sample geometric mean. We 
also include a time trend as well as a squared time trend in order to obtain some 
temporal changes.  
Since the estimation procedure of equation (2) yields merely the residual ε, rather than 
the inefficiency term u, the latter must be calculated indirectly, using the Jondrow et al. 
(1982) formula, which is the conditional expectation of uit, conditioned on the realized 
value of εit.  
Following Greene (2001), we can write equation (2) as a latent class model:  
j it j it j it j it u v ) x ( f C ln + + =   (2)
   9
where subscript i denotes the firm, t indicates time and j represents the different classes. 
The vertical bar means that there is a different model for each class j. It is assumed that 
each plant belongs to the same group in all periods
4.  
An important issue in these models is how to determine the number of classes. The 
usual procedure is to estimate several models with different numbers of groups and then 
use a statistical test in order to choose the preferred model. Greene (2005) proposed 
testing ‘down’, where beginning from a J* known to be at least as large as the true J, 
one can test down, given that the J-1 class model is nested with the J class model 
imposing θj= θj-1, based on likelihood ratio tests
5. An alternative is to use information 
criteria, such as the Akaike Information Criterion (AIC) or the Schwarz Bayesian 
Information Criterion (SBIC). These statistics are calculated using the following 
expressions: 
m n J LF SBIC ⋅ + ⋅ − = ) log( ) ( log 2  (3)
 
m J LF AIC ⋅ + ⋅ − = 2 ) ( log 2   (4)
 
Where LF(J) is the value that the likelihood function takes for J groups, m is the number 
of parameters used in the model and n is the number of observations. The favoured 
model will be that for which the value of the statistic is lowest. 
 
5. DATA  
To estimate the production frontier, we used balanced panel data on 7 EDP thermo 
plants for the year 1987-2006 (20×7=140 observations). The plants considered in the 
analysis are listed above in Table 1. The data was obtained from the EDP annual files 
                                                 
4 Further technical details on the estimation procedure are provided in the appendix. 
5 The statistic is constructed as  () u r LF LF log log 2 − ⋅ − , where LFr and LFu are the log-likelihood functions 
evaluated at the restricted and unrestricted estimates. The statistic under the null hypothesis, θj= θj-1, 
follows a chi-squared distribution with degrees of freedom equal to the number of restrictions being 
tested. If the null hypothesis is rejected, the preferred model is that with J classes. 
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on thermo plants. In a cost frontier model, the costs are regressed in input prices and 
output descriptors, Varian (1987). We measured output by: (i) energy production in 
MWh, which is a common form of output measurement in electricity research; and (ii) 
capacity utilisation in % (Malloney et al., 1996). An alternative output measure could 
have been used, namely, peak demand (Kleit and Terrell, 2001), since it was available, 
but was highly correlated with capacity utilisation and therefore, these two measures 
could not be used together. Concerning input prices, a simple procedure to construct the 
labour price is to divide total wages by the number of workers. The price of energy is 
obtained dividing energy consumption by its quantity. K is the stock of capital, 
specified according Caves et al. (1981) as a quasi-fixed factor in the variable cost 
function 
 
Table 2. Descriptive Statistics of the Data  
Variable  Description  Minimum Maximum  Mean  Standard 
Deviation 
Log Cost  Logarithm of operational cost in Euros at constant 
price 2000=100  6.6685 8.9475 7.4633 0.4104 
Labour price  Logarithm of price of workers, measured by dividing 
total wages between the number of workers  4.61378  6.8152 5.7316 0.3782 
Log K  Logarithm of capital premises, measured by net assets 
and liabilities 
7.429 8.841 8.403 8.262 
Energy price  Logarithm of the price of oil measured by the value of 
oil consumed by its quantity. 
0.432 0.835 0.521  0.05 
Log Production  Logarithm of the production in MWh  4.612 6.144 5.475 0.429 




The empirical specification of the cost function is the translog. We have chosen a 
flexible functional form in order to avoid imposing unnecessary a priori restrictions on 
the technologies to be estimated. Each explanatory variable is divided by its geometric 
mean. In this way, the translog can be considered as an approximation to an unknown   11
function and the first order coefficients can be interpreted as the production elasticities 
evaluated at the sample geometric mean. We also include a time trend as well as a 
squared time trend in order to obtain some temporal changes. The equation to estimate 
is: 











j wwl it j kk
it j yy it j k ilt
l
j wl it j y j
it
it
u v t t y k k w
y w w k
y k w y
y
Cost
+ + ⋅ + ⋅ + +
+ + +













ln ln ln ln









ln ln ln ln
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β β β
β β β β β
  (5)
 
where y is the output measured as points, w denotes input price, k is the stock of capital 
assumed quasi-fix factor, Caves et al. (1981) t is a time trend, v is a random error which 
reflects the statistical noise and is assumed to follow a normal distribution centred at 
zero, while u reflects inefficiency and is assumed to follow a half-normal distribution. 
The vertical bar means that there is a different model for each class J. In order to test the 
number of groups we used the testing-down procedure proposed by Greene (2005), 
where beginning from a J* known to be at least as large as the true J, one can test down, 
given that the J-1 class model is nested with the J class model imposing θj= θj-1, based 
on likelihood ratio tests, as well as the SBIC and AIC. The model with four groups does 
not converge, likewise the model with three groups is rejected against the model with 
two groups using the two criteria and therefore, we estimate the model with two 
groups
6. Moreover, since none of the variables used as separate variables was 
significant, we decided to adopt the model in which none of them was included. 
Following this, the latent class model uses the goodness of fit to create the groups.  
First we present the groups formed by the latent class model using the posterior 
probabilities of class membership in Table 3. Subsequently, we present the results of the 
                                                 
6 The program used to estimate the model was Limdep 9.0.   12
stochastic frontier latent class model in Table 4. Similarly, we have also estimated a 
standard stochastic frontier with panel data which assumes that the technology is the 
same for the entire sample, in order to compare it with the latent class model.  
 Table 1. Group Composition  in Alphabetical Order 
  Group 1  Group 2 
 Tapada  do  Outeiro  Setúbal 
 Carregado  Sines 
 Barreiro   
  Alto do Mira   
 Tunes   
Observations 115  18 
We can observe that the smaller thermo plants appear in the first group and the second 
group consists of the plants with average production in the sample.  
 
Table 2. Estimation Results 
  Standard SF. Latent class model 
    Group 1  Group 2 























































































Log production*Energy  -0.02  -0.09  -0.08*   13
price (0.13)  (0.12)  (0.05) 















































































Note: * ,**,*** indicate significance at the 10%, 5% and 1% levels, respectively. 
Standard errors are shown in parenthesis. 
 
The estimated coefficients have the expected signs, as all price elasticities are positive. 
It is noteworthy that we have tested the homogeneity in prices, rather than impose it. 
The results show that only the homogeneity in prices is accepted for all groups. An 
important result that supports the latent class model estimation is that the differences of 
the input prices among groups are statistical significant. Similarly, it can be observed 
that the group with the highest labor elasticity is Group 1. The costs increase with the 
trend, but at a decreasing rate, for all groups. Another interesting outcome is that the 
estimated coefficients of the standard stochastic frontier are in general between the 
minimum and the maximum of the latent class model coefficients. This result suggests 
that to some extent, the standard stochastic frontier estimates an average of the latent 
class model technologies.   14
Finally, Table 5 shows the cost average cost efficiency for each plant. The cost 
efficiency is defined as the ratio between the minimum cost and the actual cost, and 
takes values between 0 and 1. According to this definition, the closer to 1 is the 
efficiency measure, the more efficient must the plant be considered. Given that the 
dependent variable is expressed in logarithms, it was calculated as: 
) u ˆ exp( EC − =   (7)
 
where the estimated value of the inefficiency (u ˆ ) is separated from the random error 
term (v ˆ ) using the Jondrow et al. (1982) formula. 
Table 3. Average Cost Efficiency across Seasons 
Team  Standard SF Latent Class Model  Difference 
Tapada do Outeiro  0.834  0.998  0.164 
Carregado 0.812  0.995  0.183 
Barreiro 0.802  0.990  0.188 
Setúbal 0.833  0.997  0.164 
Sines 0.910  0.999  0.089 
A. Mira  0.818  0.991  0.173 
Tunes 0.723  0.853  0.130 
Total  0.819 0.975  0.156 
The plants with lowest cost efficiencies is Tunes. On the other hand, the plant with the 
highest cost efficiency in the latent class model is Sines. 
Concerning the comparison between the standard stochastic frontier and the latent 
class model efficiencies, it is worth indicating that none plant presents a greater cost 
efficiency in the standard model than in the latent class model. The average difference is 
0.156, which is rather significant difference. Likewise, the differences are not consistent 
for all plants, implying that the latent class model efficiencies are not merely a constant 
added to the standard stochastic frontier model. 
CONCLUSION 
This article has proposed a simple framework for the comparative evaluation of EDP 
thermo energy plants and the rationalization of their operational activities. The analysis   15
was conducted by means of the implementation of a stochastic frontier latent class 
model that, in determining the relative efficiencies, allows the incorporation of a broad 
variety of inputs and outputs while permitting researchers to account for segments in the 
sample and the existence of heterogeneity in the data. The main result is that there two 
groups among the EDP thermo electric plants.  
What is the policy implication of this research? The first implication is that there are 
two clusters in the EDP thermo energy plants. These two clusters define relatively 
separated homogenous groups based in unobserved heterogeneity. Any policy towards 
these units should take into account this clusters, and should be defined by clusters. 
Therefore a common energy or environmental policy does not apply to these plants in a 
homogenous way, but rather by clusters.  Second, production, labour and capital 
increase costs, but capacity do not and this result is observed for all segments, 
signifying that there are homogenous aspects in the result of the latent frontier model. 
Third, the results satisfy the economic theory, since the prices are homogenous and the 
variables have the expected results. Finally, the trend displays the growth on cost along 
the period, but at decreasing rate.  
This study has drawn attention to the identification of segments among plants 
suggesting that business strategies should be defined for each segment, in such a way 
that such strategies are adapted to the characteristics of the plants. In any event, in order 
to offer more conclusive policy prescriptions, a larger data set would be required. 
Indeed, the limitations of the present paper suggest directions for new research. The 
main limitation of this paper derives from the data set, since the available data span is 
relatively short. 
How the paper does compares with alternative research on energy efficiency? The paper 
is not comparable with alternative stochastic cost frontier models, since these papers   16
adopt homogenous frontier. However, the paper is comparable with Barros and Peypoch 
(2007) but while these authors disentangled heterogeneous variables in this case we 
separate the units analysed in clusters. The random frontier model and the latent frontier 
model are in some way complementary models. 
Additional research is needed to confirm the results of this paper, as well as to clarify 
some of the issues identified here. Research that takes into account the presence of 
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Appendix 
Assuming that v is normally distributed and u follows a half-normal distribution, 
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where it j j it j it x C ln β′ − = ε ,  [ ] 2
1 2 2
vj uj j σ σ σ + = ,  vj uj j σ σ λ = , and φ and Φ denotes the 
standard normal density and cumulative distribution function respectively. 
The likelihood function for plant i in group j is obtained as the product of the 
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                                                        ( 3) 
The likelihood function for each plant is obtained as a weighted average of its 
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1
                                                            ( 4) 
The prior probabilities must be in the unit interval:  1 P 0 ij ≤ ≤ . Furthermore, the 
sum of these probabilities for each individual must be one: ∑ =
j
ij P 1. In order to satisfy 
these two conditions, we parameterized these probabilities as a multinational logit. That 
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where qi is a vector of variables which are used to split the sample, and δj is the vector 
of parameters to be estimated. One group is chosen as the reference in the multinomial 
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log log log                              ( 6) 
The log-likelihood function can be maximized with respect to the parameter set 
( ) j j j j j , , , δ λ σ β = θ , using conventional methods (Greene, 2005). Furthermore, the 
estimated parameters can be used to estimate the posterior probabilities of class 
membership, using Bayes Theorem: 










i j P                       ( 7) 
Moreover, the latent class model classifies the sample into several groups even when 
sample-separating information is not available. In this case, the latent class structure 
uses the goodness of fit of each estimated frontier as additional information to identify 
groups of units (Orea and Kumbhakar, 2004). 
 